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Abstract

INTRODUCTION: Alzheimer’s disease (AD) is a complex neurodegenerative disor-
der with heterogeneous genetic and molecular underpinnings. Polygenic scores (PGS)
capture little of this complexity.

METHODS: We conducted genome-, transcriptome-, and proteome-wide association
studies (G/T/PWAS) on 15,480 individuals from the Alzheimer’s Disease Sequencing
Project R4 (ADSP) to identify AD-associated signals, followed by pathway enrichment
analysis. Integrative risk models (IRMs) were developed using genetically regulated
components of gene and protein expression and clinical covariates. Elastic-net logis-
tic regression and random forest classifiers were evaluated using standard metrics and
compared against baseline PGS.

RESULTS: Known and novel signals were identified via G/T/PWAS. Enrichment analy-
ses highlighted cholesterol and immune signaling pathways. The best-performing IRM,
random forest with transcriptomic and covariate features, achieved area under the
receiver operating characteristic (AUROC) of 0.703 and area under the precision-recall
curve (AUPRC) of 0.622, significantly outperforming PGS and baseline models.
DISCUSSION: Integrating univariate discovery approaches with multivariate model-
ing enhances AD risk prediction and offers novel insights into underlying biological

processes.
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1 | BACKGROUND

Alzheimer’s disease (AD) is the most prevalent neurodegenerative
condition affecting the aging population, posing a significant public
health challenge as life expectancy continues to rise.1? Late-onset AD
(LOAD), the most common form of AD, has proven particularly chal-
lenging to characterize in terms of genetic risk.! Much of the genetic
contribution to LOAD remains unexplained, complicating efforts to
develop predictive models.2 Most existing models rely on genetic vari-
ants identified through genome-wide association studies (GWAS). The
apolipoprotein E (APOE) €4 allele is the most well-established genetic
risk factor for AD, accounting for one-quarter of the heritable con-
tributions to liability, with total heritability of AD estimated to be
between 58% and 75%.%-> The contributions of variants in other
genes, such as BIN1, have also been characterized via large-scale
GWAS .40

Emerging evidence indicates that AD-associated genetic variants
converge on key biological pathways. These include cholesterol and
lipid metabolism, neuroinflammation, and synaptic function.” Disrup-
tions in these processes contribute to hallmark AD pathologies such
as amyloid-3 accumulation, tau hyperphosphorylation, and neuronal
loss.” This biological context has spurred a shift toward approaches
that use transcriptomic, proteomic, and clinical data with genomic
information to uncover the molecular mechanisms underlying AD.
Recent evidence from other complex traits suggest that tissue-specific
gene expression and protein expression derived from transcriptome-
and proteome-wide association studies (TWAS and PWAS, respec-
tively) provide orthogonal and complementary information to genetic
data alone, offering opportunities to improve risk prediction models
and identify putatively novel genes and proteins.®? TWAS have
identified 54 hippocampal genes linked to AD risk, with fine-mapping
prioritizing 24 candidates (e.g., PICALM, BIN1) whose effects are medi-
ated through tissue-specific expression.’ Proteome-wide analyses

Alzheimer’s disease, association study, machine learning, multi-omics integration, pathway
enrichment, polygenic risk scores, risk prediction, statistical genetics

* |dentified novel contributions to Alzheimer’s disease (AD) from a multi-omics

* Integrated genome-wide association studies (GWAS), transcriptome-wide associa-
tion studies (TWAS), and proteome-wide association studies (PWAS) in a unified
association study framework.

* Developed a method for predicting heritable risk of late-onset AD.

* Demonstrated that ancestry-aware modeling improves AD risk prediction accuracy.

reveal 43 AD-associated proteins, including TOMM40 and APOC1, vali-
dated through mediation testing of pQTL effects (63% concordance).!?
These associations were detected due to increased statistical power
and reduced multiple testing burden, suggesting that these approaches
can aid in identifying the underlying mechanisms of complex
traits, 1011

Polygenic scores (PGS), which aggregate the effects of multiple
common genetic variants identified from GWAS, have historically
underperformed in predicting AD risk, as AD is influenced by a combi-
nation of genetic, molecular, and environmental factors. The limitations
of PGS models for AD prediction are well-documented.®12-14 Leo-
nenko et al reported that PGS for AD computed using PRS-CS achieved
area under the receiver operating characteristic (AUROC) values rang-
ing from 0.55 to 0.75.12 Their best-performing model, incorporating
genome-wide significant single nucleotide polymorphisms (SNPs) and
APOE, achieved an R? of 0.24. Notably, excluding APOE from the model
reduced the R? to 0.06, highlighting the influence of APOE on AD
risk prediction.’? Instead, models that incorporate functional informa-
tion may provide deeper insights into disease etiology and offer more
robust tools for individualized risk assessment. Studies developing
gene expression risk scores (GeRS) with PGS demonstrated improved
predictive performance across phenotypes, underscoring the potential
of multimodal approaches in enhancing risk prediction.’® Further-
more, ensemble machine learning approaches in PGS for SNP selection
and modeling have been shown to better account for non-linear and
interaction effects, suggesting that incorporating nonlinear modeling
techniques with multi-modal data could further enhance prediction
accuracy.t®

This study explores the use of univariate and multivariate
approaches, paired with multi-modal data, to improve risk predic-
tion for LOAD in one of the most comprehensive AD datasets currently
available. We use univariate approaches—GWAS, TWAS, and PWAS—

to identify associations within each molecular layer. These approaches
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RESEARCH IN CONTEXT

1. Systematic review: We reviewed studies predicting
Alzheimer’s disease (AD) risk using genome-wide associ-
ation studies (GWAS), polygenic scores (PGS), and more
recent transcriptome-wide (TWAS) and proteome-wide
(PWAS) approaches. While PGS offer moderate predic-
tive power, they fail to capture the broader biological
complexity of late-onset AD.

2. Interpretation: Gene-set enrichment of TWAS and PWAS
results revealed enriched biological pathways (choles-
terol metabolism, immune signaling, and DNA repair)
not captured by GWAS results alone, offering addi-
tional mechanistic insights into AD risk. Our integrative
risk models (IRMs) combining genetically regulated gene
and protein expression using nonlinear machine learning
approaches significantly outperform baseline covariates
and PGS-based models.

3. Futuredirections: Broader use of multi-omics and clinical
data is needed to enhance predictive accuracy and gen-
eralizability. Future models should incorporate longitudi-
nal data, nonlinear approaches, and assess performance
in multiple populations. Multi-modal modeling offers a
promising path toward precision medicine approaches for

early detection and intervention in AD.

are valuable for detecting individual signals but do not capture
interactions across modalities. To capture complementary biological
information beyond genetic data alone, we use multivariate modeling
to develop integrative risk models (IRMs) that integrate transcriptomic
and proteomic features (Figure 1), enhancing predictive accuracy
and enabling a more comprehensive understanding of disease risk.
By addressing the limitations of current approaches and exploring
the added value of multi-modal molecular data, we aim to advance
understanding of AD risk and improve predictive accuracy for clinical

and research applications.

2 | METHODS

2.1 | ADSP quality control

The ADSP R4 dataset from the NIAGADS includes WGS data from
a globally diverse population of 11,384 individuals diagnosed with
AD, 16,685 individuals without AD, and 8292 individuals with uncer-
tain or alternative diagnoses, spanning 40 global cohorts.2’-1? The
full ADSP dataset includes data from nearly all previous large-scale
AD studies, including the ADNI, ROS/MAP, and the Anti-Amyloid
Treatment in Asymptomatic Alzheimer’s Disease (A4 Study), among

several other cohorts, thus creating one of the most comprehensive
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existing datasets for AD and related dementias.?%-2% Resequenc-
ing, variant calling, and various QC measures were conducted in
accordance with the standards established by ADSP, ensuring high-
quality genomic data.2* Additionally, case and control phenotypes
were harmonized across cohorts by ADSP experts to reduce vari-
ability in diagnostic criteria and improve comparability prior to data
release.!7:18.24

For the present study, the initial dataset of 36,361 individuals was
filtered based on defined criteria to enable focused analysis of LOAD.
We selected cohorts with a mean age of cases greater than or equal
to 70 years, thereby excluding early-onset cohorts. Additional con-
siderations included ensuring balanced sex distribution among cases
and controls, by ensuring at least 30% female cases, removing cohorts
with very low case-control counts (percentage of cases < 15%), and
excluding samples with mixed phenotypes such as other dementias.
The resulting subset comprised 15,480 participants (6885 cases and
8595 controls) where harmonized binary case and control status for
each individual was based on clinical diagnosis which was determined
and released by ADSP. 17:18 Principal component analysis (PCA) was
performed to assess the genetic similarity of this global population
to labeled reference populations by projecting the ADSP participants
against the 1000 Genomes reference populations.” The full participant

counts by cohort after filtering and QC are available in Table S1.

2.2 | Genome-wide association studies (GWAS)

We conducted a GWAS using PLINK v2.0 after performing filtering
and performing QC on the ADSP dataset to perform an initial anal-
ysis to discern genetic loci associated with AD risk.2> As part of QC
measures prior to performing GWAS, variant names were standardized
by filling in missing identifiers. Variants that failed laboratory-based
QC filters were removed, along with intentionally duplicated samples.
Additional filtering steps included removing variants with aminor allele
count (MAC) less than 20, applying a 99% variant call rate threshold,
and a 95% sample call rate threshold. Analyses were conducted both
with and without applying a minor allele frequency (MAF) threshold
of 0.01 to assess sensitivity to rare variant inclusion.2¢ PLINK v2.0
supports an additive model for GWAS; the additive model was used
for this GWAS.2> To ensure robustness and account for potential con-
founders, our models were adjusted for various parameters, including
age at diagnosis for cases or age at date of data release for controls,
sex, and the first five principal components (PCs) to account for popu-
lation stratification.2 Significant loci were identified at a genome-wide

significant p-value threshold of p < 5E-08.

23 |
(TWAS)

Transcriptome-wide association studies

To study tissue-specific gene-expression changes associated with
AD, we conducted TWAS using PrediXcan and multivariate adap-
tive shrinkage (MASHR) eQTL models from the Genotype-Tissue
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FIGURE 1 Overview of IRM framework. A total of 15,480 participants from ADSP, eQTLs from GTEx, and pQTLs from ARIC were used to
impute gene and protein expression. This information is combined with clinical covariates of age, sex, and PCs and then used as features for
machine learning classification algorithms. Baseline models of clinical covariates and two separate PGS were generated to evaluate performance
against the IRM. ADSP, Alzheimer’s Disease Sequencing Project R4; ARIC, Atherosclerosis Risk in Communities study; eQTL, expression
quantitative trait loci; GTEx, Genotype-Tissue Expression Project; IRM, integrative risk model; PC, principal component; PGS, polygenic score;

pQTL, protein quantitative trait locus.

Expression (GTEx) Project v8, available in PredictDB.27-28 GTEx eQTLs
were derived from a sample group consisting of 84.6% European,
12.9% African American, 1.3% Asian, and 1.1% unknown ancestries,
a multi-ancestry cohort similar to that of ADSP2? Using this ref-
erence, we imputed genetically regulated gene expression (GReX)
for all protein coding genes in 17 tissues known to be relevant in
AD and neurodegenerative disorders (brain spinal cord cervical c-
1, brain cortex, brain substantia nigra, colon sigmoid, liver, vagina,
whole blood, brain anterior cingulate cortex BA24, brain frontal
cortex BA9, brain hypothalamus, brain caudate basal ganglia, brain

nucleus accumbens basal ganglia, brain cerebellar hemisphere, brain

putamen basal ganglia, brain cerebellum, brain amygdala, and brain
hippocampus).28-32 Associations with AD status were calculated inde-
pendently for each of these 17 tissues. Significant genes were deter-
mined using a Bonferroni threshold (p < 0.05/# genes tested) per
tissue.

2.4 | Proteome-wide association studies (PWAS)

We then performed PWAS using PrediXcan with the WGS data
for the individuals in the ADSP subset. PWAS identifies genetic
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associations that may influence complex traits, such as AD, by reg-
ulating protein abundance in tissue.3? Blood plasma-derived protein
quantitative trait loci (cis-pQTLs) from the Atherosclerosis Risk in
Communities (ARIC) study were used to construct the models.3* This
large bi-ethnic study was made up of 9084 participants, consisting
of 7213 European Americans (EA) and 1871 African Americans (AA).
PrediXcan PWAS EA and AA models were identified in PredictDB, con-
structed using ARIC consortium data by utilizing PEERS covariates,
expression information from pQTL associations, as well as gene and
SNP annotations.?435 The genetically regulated components of pro-
tein expression were imputed using the EA and AA cohort information,
after which PWAS was performed. The resulting PWAS associations
were assessed for statistical significance using a Bonferroni threshold

(p < 0.05/# proteins tested) for each model.

2.5 | Gene-set enrichment analysis

Gene-set enrichment was performed using Enrichr for the significant
results from GWAS, TWAS, and PWAS, respectively.36-38 Enrichment
analysis explored the specific pathways and processes associated with
the statistically significant genes and proteins from each association
study. Pathway results were annotated with the Kyoto Encyclope-
dia of Genes and Genomes (KEGG) 2021, Reactome 2022, and Gene
Ontology (GO) Biological Process 2023 pathways.>” The significant
pathways were identified as having a Fisher’s exact test adjusted p-
value < 0.05, indicating overrepresentation of these pathways relative
to the full set of annotated pathways.3’

2.6 | Baseline models

2.6.1 | Baseline Polygenic Scores (PGS)

A baseline PGS was created and evaluated on the ADSP dataset, cal-
culated using PRS-CS, a Bayesian regression framework that infers
posterior SNP effect sizes under continuous shrinkage (CS) priors using
GWAS summary statistics and an external linkage disequilibrium (LD)
reference panel.3? We applied PRS-CS to the ADSP data using GWAS
summary statistics generated from 10 iterations of split-sample analy-
ses within ADSP, treating each split as the discovery dataset. To ensure
robust and unbiased estimation of the PGS, we performed 10 inde-
pendent iterations of training and testing. In each iteration, the ADSP
dataset was randomly split into 80% training and 20% testing subsets.
PRS-CS was applied to the training subset using LD information from
a multi-ancestry LD reference panel from 1000 Genomes Project indi-
viduals, producing posterior SNP effect sizes for PGS computation.*®
Individual-level PGS values were then calculated using the -score func-
tion in PLINK 2.0 by summing the dosages of risk alleles weighted by
the PRS-CS posterior effect sizes.?> After obtaining PGS values for
each individual, logistic regression models were trained using the PGS

as a single predictor for AD status in the 80% training set of each itera-
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tion. Model performance was evaluated on the hold-out 20% set from
eachiteration, and the final model performance was estimated by aver-
aging metrics such as AUROC, area under the precision-recall curve
(AUPRC), sensitivity, and specificity across the 10 test sets. To fur-
ther assess generalizability, we conducted a nested 80/20 evaluation
within the original 20% held-out data from each iteration. This involved
splitting the 20% test set into an 80/20 internal validation/test subset,
fitting a logistic regression model using the previously computed PGS
on the 80%, and evaluating its performance on the internal 20% to sim-
ulate model behavior in unseen data. This iterative evaluation approach
ensured that the baseline PGS model performance was assessed with
reduced risk of overfitting and better reflects the expected predictive
power in the ADSP cohort.

A secondary PGS was created using GWAS summary statistics from
the International Genomics of Alzheimer’s Disease (IGAP) study Stage
1 exclusively with PRS-CS (n = 54,162).37*1 A linkage disequilibrium
(LD) reference panel of European ancestry individuals from the 1000
Genomes phase 3 project was utilized in the computation.*® The AD
summary statistics from IGAP are the largest set of summary statis-
tics currently available for this phenotype, providing a robust dataset
to use for a baseline PGS. The APOE ¢4 variant (rs429358) was ini-
tially excluded from the computation as it was not on the LD reference
panel; this variant was added back as a comparison model, using the
IGAP GWAS beta as this variant’s PGS. To avoid overfitting and biased
sampling, the PGS was applied using the PLINKv2.0—score function to
individuals in ADSP who do not overlap with IGAP and met phenotyp-
ing criteria described above (n = 8,770). Additional genetic risk scores
(GRS) were created using the PLINKv2.0—score function on 1) exclu-
sively SNPs in APOE as well as 2) a set of statistically significant AD risk
loci from ADVP. The weights were generated from IGAP GWAS beta
values and then applied to the ADSP data. All resulting GRS and PGS
were fitted with a LASSO regression, using AD case/control status as
the outcome and age, sex, and PC1-5 as covariates. The sample was
split into a 70% and 30% train/test split with 100 random iterations,
balanced by case/control ratio. Performance was assessed with aver-
age AUROC, area under the precision-recall curve (AUPRC), F1 score,
R? calculated using the Matthews Correlation Coefficient (MCC), and

balanced accuracy across the iterations.

2.6.2 | Genetic similarity ablation study

We additionally conducted an ablation study to evaluate the impact of
population structure on model performance. Two baseline elastic net
logistic regression models were constructed to classify risk of AD. The
first model included the first 5 PCs derived from genome-wide genetic
data, along with age and sex as covariates, to account for genetic
similarity and demographic confounding. The second model excluded
the PCs, retaining only age and sex as covariates. This comparison
allowed us to assess the contribution of genetic population struc-
ture to the predictive accuracy and performance of the classification

model.
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2.7 | Integrative Risk Models (IRMs)
2.7.1 | Elastic net logistic regression models with
imputed data modalities

After QC, the ADSP dataset consisted of 15,480 participants from
the subset, including 6885 cases and 8595 controls. Participants were
selected based on predefined phenotypic criteria, and demographic
variables such as age and sex. To account for population structure and
minimize confounding effects from population structure, the first five
principal components (PCs) were also incorporated as features in the
analysis.

Between 1232-10,985 imputed gene and protein expression fea-
tures were used as inputs to each model, with the exact number
depending on the tissue type, as determined by the GTEx project,
and protein expression model used from the ARIC study. The full set
of models with feature counts are available in Table S2. An elastic
net regression model was developed to predict case-control status
for each combination of imputed gene expression tissue and imputed
protein expression, leveraging a combination of L1 (LASSO) and L2
(ridge) regularization. This approach was utilized due to its ability to
handle multicollinearity among predictors while simultaneously per-
forming feature selection and coefficient shrinkage.*? The dataset was
divided into training, validation, and test sets using a 70:15:15 split
and scaled column-wise using z-score normalization, by standardiz-
ing each feature by removing the mean and scaling to unit variance.*?
The training set was used to fit the model, while the validation set
was reserved for hyperparameter tuning. An independent test set was
used exclusively for final model evaluation to ensure unbiased per-
formance assessment. Hyperparameter tuning was conducted using
grid search with five-fold cross-validation to optimize the L1 ratio,
which controls the balance between lasso and ridge penalties, and
the regularization strength (C) parameter.*? The full set of hyperpa-
rameters tuned are shown in Table S3. To ensure model convergence
during training, the maximum number of iterations was set to 500.
To address the high dimensionality of the dataset, two feature selec-
tion processes were tested. Least absolute shrinkage and selection
operator (LASSO) regression was employed, as well as PCA, which
also reduced the dimensionality of the selected features while retain-
ing the most informative components for downstream modeling.*4
PCA was fit on the scaled training set to extract the minimum num-
ber of principal components required to explain 80% of the total
variance of the dataset. The same transformation was applied to
the validation and test sets to ensure consistency across datasets.
Of these tests, PCA was determined to most improve performance
by reducing more features while maintaining orthogonality in the
data.

The comprehensive train-validation-test split framework allowed
for robust hyperparameter optimization while mitigating overfitting
risks. The final elastic net models were evaluated on the test set to
determine predictive performance. The AUROC, AUPRC, F1-score, and
balanced accuracy metrics were used to assess the model’s ability to

discriminate between cases and controls. Ten iterations of each model

were run, to get measures of the average and standard deviation of
each metric. This approach ensured that the model’s performance was
robust and generalizable across the diverse tissue-specific datasets
analyzed in the study.

2.7.2 | Random forest models with imputed data
modalities

To address the limitations of linear modeling approaches in captur-
ing complex, nonlinear relationships between genetic, transcriptomic,
and proteomic features, we implemented a series of random for-
est models.*> Random forests are well-suited for exploring nonlinear
patterns and interactions within high-dimensional datasets.*> This
approach was applied to the same subset of data from ADSP, with the
same covariates of age, sex, and first five PCs. The dataset was split into
70:15:15 training, validation, and test sets. The training set was used to
fit the random forest model, while the validation set was reserved for
hyperparameter tuning. After identifying the optimal hyperparameter
combination, the model was evaluated on an independent test set to
ensure unbiased performance assessment.

To optimize the random forest models, we employed random search,
a strategy that efficiently samples from predefined hyperparame-
ter distributions to identify optimal configurations. This method was
chosen for its computational efficiency compared to exhaustive grid
search. Hyperparameters of the number of estimators, maximum tree
depth, minimum samples required to split a node, minimum samples
required at a leaf node, and maximum features considered for a split
were all tuned.*® The full set of hyperparameters tuned are shown
in Table S3. Random search was performed over 10 iterations, with
five-fold cross-validation used to evaluate model performance for each
hyperparameter combination. This iterative process ensured that the
selected model configuration for every iteration of each random forest
model was optimal for performance and generalizable.

Model performance was measured using AUROC, AUPRC, F1-score,
and balanced accuracy. Ten iterations of each model were run, to get
measures of the average and standard deviation of each metric. These
metrics provided a robust evaluation of the model’s ability to dis-
criminate between cases and controls. An illustrative overview of the

baseline models and IRM framework is depicted in Figure 1.

3 | RESULTS

3.1 | ADSP study population

Following resequencing, variant calling, and quality control processes
adhering to ADSP protocols, phenotype harmonization across cohorts
ensured consistent diagnostic criteria for subsequent analyses. PCA
revealed that three to four principal components (PCs) accounted for
80% of the explained variance in this subset (Figure S1A). Further-
more, projecting the PCs onto the 1000 Genomes reference population

(Figure S1B) showed a similar genetic similarity distribution to the full
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TABLE 1 Participant counts from the ADSP subset, stratified by
case-control status, biological sex, and genetically inferred ancestry.

Genetic

similarity Case-control No. of
group Sex status participants
AFR Female Control 2157
AFR Female Case 1172
AFR Male Control 844
AFR Male Case 450
AMR Female Control 2188
AMR Female Case 1270
AMR Male Control 957
AMR Male Case 634
EUR Female Control 1322
EUR Female Case 1737
EUR Male Control 850
EUR Male Case 1332
Other Female Control 154
Other Female Case 178
Other Male Control 110
Other Male Case 104
SAS Female Control 7
SAS Female Case 5
SAS Male Control 6
SAS Male Case 3

Abbreviations: ADSP, ADSP, Alzheimer’s Disease Sequencing Project R4;
AFR, African; AMR, Admixed American; EUR, European; SAS, South Asian.

ADSP R4 dataset, suggesting that population-specific information was
not lost through the filtering approach.

After filtering the dataset based on the exclusion criteria described
in Methods and projecting the PCA of the participants on the 1000
Genomes reference populations, the remaining dataset of 15,480 indi-
viduals indicates that sex and case-control status were distributed
across five major genetic-similarity groups: African (AFR), Admixed
American (AMR), European (EUR), South Asian (SAS), and Other
(Table 1). The majority of participants self-identified or genetically clus-
tered as EUR (5241 individuals), followed by AMR (5049), AFR (4623),
Other (546), and SAS (21). Within each population group, both cases
and controls were represented across sexes, with minor imbalances
observed among the control populations. For example, the AFR sub-
group had more female cases (1172) than male cases (844), and a
higher count of male controls (2157) than female controls (450). Repre-
sentation from SAS and “Other” groups was limited, comprising fewer
than 600 individuals in total, though both case and control statuses
were included. Overall, the subset dataset retained diversity across
population groups, and ensured sex was balanced within most groups,
supporting downstream analyses. The general diversity of ADSP popu-
lation groups paired with the limited size of some cohorts after filtering

justified the cosmopolitan multi-ancestry approach used for the asso-
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ciation studies and modeling. The full participant counts by cohort are
available in Table S1.

3.2 | Association study and pathway enrichment
analyses

We identified 104 genomic, 319 transcriptomic, and 76 proteomic
associations with AD via GWAS (p-value < 5E-08), TWAS (p-
value < 5.62E-06), and PWAS (p < 5.29E-05), respectively, under
genome-wide significance thresholds for GWAS and Bonferroni-
significance thresholds for TWAS and PWAS (Figure 2A). Manhattan
plots and QQ plots of the GWAS results are available in Figure S2A-C.
The significant GWAS risk loci mapped to 12 unique genes by position,
94 unique genes were identified via TWAS, and 17 unique genes identi-
fied via PWAS. Of these associations, nine genes and proteins, including
APOE, APOC1, TOMM40, NECTIN2, WWC1, NRCAM, KCNV2, CR1, and
amyloid precursor protein (APP) were validated in the Alzheimer’s
Disease Variant Portal (ADVP).*” The remaining associations are puta-
tively novel, though some, such as BLOC1S5-TXNDC5, have been linked
to AD progression in the literature, but have not been previously
reported in the ADVP.*7#8 GLCE was implicated across all three associ-
ation studies; this gene is linked to heparan sulfate production and was
found in previous studies to be upregulated in AD patients.*? The full
tables of statistically significant associations for each association study
are available in Tables S4-S6, and the set of unique annotated genes
and proteins and their ADVP status are available in Table S7.

In order to identify the known biologically relevant pathways asso-
ciated with the statistically significant GWAS, TWAS, and PWAS
results, gene-set enrichment analysis was performed using Enrichr
for Reactome 2022, KEGG 2021, and gene ontology (GO) 2023
pathways.®” Significant pathways were identified at an adjusted p-
value < 0.05 from the Fisher’s exact test; the full pathway results
for each association study are available in Table S8. Pathway analysis
of GWAS results (Figure 2B) identified significant overrepresenta-
tion of lipid metabolism and cholesterol transport pathways, partic-
ularly involving APOC1 and APOE. The most enriched pathway was
plasma lipoprotein assembly (adjusted p = 2.69E-05), followed by
plasma lipoprotein clearance (adjusted p = 1.33E-04) and NR1H3
and NR1H2 regulate gene expression linked to cholesterol transport
and efflux (adjusted p = 1.40E-04). GO terms related to phospholipid
efflux (adjusted p = 1.23E-05) and high-density lipoprotein particle
remodeling (adjusted p = 2.35E-05) were also significantly enriched.
These findings underscore the central role of cholesterol homeosta-
sis in Alzheimer’s disease pathogenesis, consistent with the known
involvement of APOE in lipid transport and amyloid-beta metabolism.”
Additional enriched pathways included cholesterol efflux (adjusted
p = 5.66E-05), and broader processes such as cholesterol metabolism
(adjusted p = 2.72E-04) and plasma lipoprotein assembly, remodeling,
and clearance (adjusted p = 5.49E-04), reinforcing the relevance of
lipid regulation mechanisms in genetic susceptibility to AD.” Although
no pathways reached statistical significance under the adjusted p-

value in the TWAS results, several suggestively significant biological
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FIGURE 2 Results of association studies and pathway analyses. (A) Circos plot depicting all association study results by tissue and model type.
Significant results appear above the dashed orange line denoting Bonferroni significance thresholds. (B-D) KEGG, Reactome, and GO gene-set
enrichment results for GWAS, TWAS, and PWAS, colored by p-value. Size of the points denotes the number of gene or protein inputs contributing
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processes in neurodegeneration and genomic maintenance were highly
ranked (Figure 2C). Among the top-ranked pathways were error-prone
translesion synthesis (adjusted p = 0.2394) and postreplication repair
(adjusted p = 0.2394), involving genes such as REV3L and PRIMPOL,
which are involved in DNA damage tolerance®°.

The PWAS pathway results revealed several immune-related path-
ways with statistically significant enrichment, suggesting a potential

link between immune dysregulation and AD (Figure 2D). The top-

enriched pathway was Signaling by Interleukins (adjusted p = 2.07E-
05), driven by proteins including APP, IL1RL2, IL7R, TNFRSF1A, and
MCL1, all of which are implicated in inflammatory signaling cas-
cades. The immune system pathway (adjusted p = 4.92E-05) was also
enriched, encompassing proteins such as APP, IL1RL2, PROS1, PIGR,
and CCT8. Several related processes, including cytokine signaling in
the immune system, regulation of inflammatory response (adjusted

p = 3.29E-05), and positive regulation of defense response further
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support the hypothesis that systemic immune modulation plays a role
in Alzheimer’s pathophysiology. Notably, APP, an important contribu-
tor to amyloid pathology, appeared consistently across these pathways,
underscoring the potential interplay between amyloid biology and
immune signaling at the protein level.1! There were 26 pathways that
were found to be significantly or near-significantly enriched across
both GWAS and PWAS enrichment results (adjusted p < 0.1). Some
of these pathways include cholesterol transport (GO:0030301), nega-
tive regulation of long-term synaptic potentiation (GO:1900272), and
negative regulation of hemostasis (GO:1900047), among others. The
full overlapping pathway results are highlighted in Table S8. These
overlapping signals lend stronger evidence to the involvement of lipid
metabolism, synaptic plasticity, and vascular function in Alzheimer’s
disease risk. The convergence of enrichment results across genetic and
proteomic modalities highlights the biological relevance of these path-
ways and points toward shared mechanisms contributing to disease

susceptibility.

3.3 | IRM model performance

The performance of the elastic-net logistic regression models demon-
strated a progressive improvement with the inclusion of additional
feature sets, as seen in Table 2. The baseline linear model using
only age and sex yielded the lowest performance across all met-
rics (AUROC = 0.546, AUPRC = 0.459, Balanced Accuracy = 0.496,
F1-score = 0.080). The inclusion of PCs as covariates to account
for individual-level genetic similarity substantially improved perfor-
mance (AUROC = 0.636, AUPRC = 0.536, balanced accuracy = 0.604,
F1-score = 0.521), indicating that population structure and genetic
similarity play a significant role in predictive accuracy. The PGS alone
achieved AUROC = 0.608 and R? = 0.102 but resulted in a lower
AUPRC (0.491) compared to the covariate-only model, suggesting
that PGS alone may not capture enough variability in the phenotype.
Adding covariates to the PGS generally improved PGS performance
(AUROC = 0.623, AUPRC = 0.484, Balanced Accuracy = 0.555, F1-
score = 0.681), particularly the RZ, which increased from 0.102 to
0.126. Interestingly, combining PGS with covariates did not vyield
significant further improvement beyond the covariate-only model,
underscoring the potential limitations of PGS in this context. The PGS
conducted using scores derived from IGAP demonstrated some per-
formance improvement in AUROC relative to the PGS performed on
splits of ADSP, as expected given the large sample size and robust
design of the IGAP study. We additionally observed that the GRS con-
sisting of APOE alone (AUROC = 0.640, AUPRC = 0.449, balanced
accuracy = 0.507, F1-score = 0.058) performed similarly to the PGS of
the whole genome including APOE (AUROC = 0.641, AUPRC = 0.446,
balanced accuracy =0.511, F1-score = 0.041). This suggests that APOE
accounts for the majority of the contribution to genetic risk. Perfor-
mance of the GRS including AD risk loci from ADVP achieved poorer
performance (AUROC = 0. 632, AUPRC = 0. 425, balanced accu-
racy = 0. 505) compared to the model including only APOE and the

whole genome PRS, suggesting that the ADVP may include some vari-
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ants that add only noise and may be missing other contributing variants
that are present in the whole genome PRS. Overall performance of PGS
and baseline models was lacking compared to the multi-omics models.

The integration of imputed multi-omics data showed notable gains,
with the transcriptome + covariates model outperforming PGS-based
models (AUROC = 0.652, AUPRC = 0.566, balanced accuracy = 0.605).
The top five tissues based on median performance were selected, that
is, brain cortex, whole blood, brain frontal cortex BA9, brain nucleus
accumbens basal ganglia, brain substantia nigra, and performance met-
rics were averaged across model iterations. The proteome + covariates
model performed slightly worse (AUROC = 0.631, AUPRC = 0.548),
while integrating both transcriptomic and proteomic data (EA and AA
models) produced varying results, with the EA model achieving higher
AUROC (0.660) but lower AUPRC (0.521), suggesting differences in
predictive power.

The random forest models outperformed the logistic regression
models across all feature sets, demonstrating the advantage of non-
linear methods in capturing complex relationships within multi-omics
data. The transcriptome + covariates model achieved the highest
AUROC (0.703) and AUPRC (0.622) among all tested models, show-
ing a substantial improvement over its logistic regression counterpart.
The proteome + covariates model also improved in performance
(AUROC = 0.680, AUPRC = 0.599), reinforcing the value of protein-
level data in predictive modeling. The integration of both transcrip-
tomic and proteomic data (EA and AA models) yielded AUROCs
around 0.690 with comparable AUPRC values (~0.613), indicating that
multi-omics integration enhances predictive performance regardless
of genetic similarity. The average, standard deviation, and confidence
interval of all performance metrics across the 10 iterations of each
model is shown in Table 2. Boxplots of performance for each tissue-
specific model for elastic-net logistic regression are available in Figure
S3A, and for random forest in Figure S3B. Across both modeling
approaches, the F1-score and balanced accuracy metrics followed sim-
ilar trends, with random forest models consistently achieving superior
results, suggesting improved classification performance. These find-
ings highlight the importance of multi-omics integration and non-linear
modeling approaches for improving predictive accuracy in complex

phenotypes.

3.4 | Feature importance

To assess feature importance in the best performing RF model, we used
the Gini index to quantify the relative contribution of each feature
to classification performance. Feature importance across 10 iterations
per tissue type was determined. Across the top five tissues, that is,
brain cortex, whole blood, brain frontal cortex BA9, brain nucleus
accumbens basal ganglia, and brain substantia nigra, the importance
of each feature was averaged, as seen in Figure 3A. Our analysis
revealed that principal components (PCs) and age were among the
most influential predictors. PC4 exhibited the highest importance
(0.1387), followed by age (0.0761) and PC1 (0.0750). PC2 (0.0630) and
PC5 (0.0414) also demonstrated moderate importance, indicating that
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TABLE 2 Performance metrics of the baseline models and IRMs: AUROC, AUPRC, balanced accuracy, and F1 score.

Model

Elastic-net logistic
regression

Random forest

Features

Age + sex

Age + sex + PCs (covariates)

ADSP PGS (genome)

ADSP PGS + covariates

IGAP PGS + covariates

IGAP PGS no APOE +
covariates

IGAP PGS with APOE +
covariates

IGAP GRS only APOE +
covariates

IGAP GRS AD loci +
covariates

Transcriptome + covariates

Proteome + covariates

Transcriptome +
proteome_EA + covariates

Transcriptome +
proteome_AA + covariates

Transcriptome + covariates

Proteome + covariates

Transcriptome +
proteome_EA + covariates

Transcriptome +
proteome_AA + covariates

VENKATESH ET AL.

AUROC

0.546 (0.006)
(0.542,0.550)

0.636(0.007)
(0.632,0.640)

0.608 (0.016)
(0.604,0.611)

0.623(0.017)
(0.620,0.627)

0.641(0.001)
(0.640,0.642)

0.609 (0.001)
(0.607,0.611)

0.641(0.001)
(0.640,0.643)

0.640(0.001)
(0.639,0.642)

0.632(0.001)
(0.630,0.634)

0.652(0.010) (0.649,
0.655)

0.631(0.008)
(0.628,0.635)

0.660(0.014) (0.654,
0.663)

0.640 (0.009)
(0.638,0.642)

0.703(0.010) (0.699,
0.707)

0.680 (0.005)
(0.677,0.682)

0.689 (0.009) (0.685,
0.693)

0.690 (0.009)
(0.686,0.694)

AUPRC Balanced accuracy F1-Score

0.459 (0.007) 0.496 (0.004) 0.080(0.028)
(0.455,0.463) (0.493,0.498) (0.062,0.097)
0.536(0.008) 0.604 (0.007) 0.521(0.01)
(0.531,0.541) (0.600, 0.608) (0.515,0.527)
0.491(0.015) 0.540(0.013) 0.691(0.011)
(0.488,0.494) (0.537,0.542) (0.689,0.693)
0.484(0.015) 0.555(0.015) 0.681(0.012)
(0.481,0.487) (0.552,0.558) (0.679,0.684)
0.446(0.001) 0.507 (0.001) 0.041(0.002)
(0.444,0.449) (0.506,0.508) (0.037,0.046)
0.390(0.001) 0.500 (6.04E-05) 0.004 (0.0002)
(0.388,0.393) (0.5000, 0.5002) (0.003,0.004)
0.446(0.001) 0.511(0.001) 0.041(0.002)
(0.444,0.449) (0.510,0.512) (0.037,0.046)

0.449 (0.003) 0.507 (0.001) 0.058 (0.003)
(0.447,0.452) (0.506,0.508) (0.053,0.063)
0.425(0.001) 0.505 (0.0003) 0.033(0.002)
(0.423,0.427) (0.505,0.506) (0.029,0.036)
0.566(0.013) (0.563, 0.605 (0.009) (0.603, 0.522(0.012) (0.518,
0.570) 0.608) 0.525)

0.548(0.011) 0.602 (0.007) 0.521(0.010)
(0.543,0.552) (0.599,0.605) (0.517,0.526)
0.521(0.020) (0.516, 0.574(0.009) (0.572, 0.396(0.014) (0.392,
0.526) 0.577) 0.400)

0.557(0.013) 0.602 (0.008) 0.525(0.014)
(0.553,0.561) (0.599,0.604) (0.521,0.528)
0.622(0.012) (0.617, 0.645 (0.007) (0.642, 0.616(0.009) (0.613,
0.627) 0.648) 0.620)

0.599 (0.007) 0.636 (0.003) 0.624 (0.008)
(0.595,0.603) (0.634,0.637) (0.620,0.627)
0.613(0.014) (0.607, 0.637(0.005) (0.635, 0.620(0.011) (0.615,
0.618) 0.639) 0.624)

0.613(0.014) 0.637 (0.005) 0.617 (0.013)

(0.607,0.618)

(0.635,0.639)

(0.612,0.623)

Note: Values represent the mean performance across iterations with corresponding standard deviations and 95% confidence intervals, with highest
performance emphasized in bold.
Abbreviations: ADSP, Alzheimer’s Disease Sequencing Project R4; APOE, apolipoprotein E; AUPRC, area under the precision-recall curve; AUROC, area under
the receiver operating characteristic; GRS, genetic risk score; IGAP, International Genomics of Alzheimer’s Disease; PC, principal component; PGS, polygenic

score.

genetic similarity and demographic factors played a substantial role in
the model’s predictions.

While gene expression (GE) features showed lower individual
Gini importance scores compared to PCs, they remain biologi-
cally relevant. APOC1 (ENSG00000130208.9) (0.0370) had an
importance score comparable to PC5, suggesting that tissue-
specific molecular variation contributes meaningfully to the model.
Similarly, APOE (ENSG00000130203.9) (0.0040) and NECTIN2
(ENSG00000130202.9) (0.0012) displayed non-negligible importance,
though their relative contributions were lower. The comparatively

modest importance of GE features may be partially attributed to their

tissue specificity, as opposed to PCs, which were computed across
individuals and therefore capture broader population-wide variance.
When tissue-specific contributions were individually assessed for
feature importance (Figure 3B-F), additional genes appeared signifi-
cant, indicating the importance of tissue-specific variation. Across all
five top tissues, PCs and age emerged as the dominant predictors, con-
sistently ranking among the most important features. PC4 was the
top predictor in every tissue, with the highest importance observed
in the brain frontal cortex (0.1395) and slightly lower but compara-
ble values in the brain cortex (0.1334) and whole blood (0.1351). This

component was expected to be the most important as it separated the
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FIGURE 3 Featureimportance rankings across top transcriptomic tissues. (A) Mean feature importance values across the top five tissues:
brain cortex, whole blood, brain frontal cortex BA9, brain nucleus accumbens basal ganglia, and brain substantia nigra, highlighting consistently
predictive genes. (B-F) Tissue-specific feature importance plots showing individual gene contributions to model performance within each tissue.

EUR genetic similarity group making up the greatest proportion of the
samples from other populations, as shown in Figure S4. Similarly, PC1,
PC2, and PC5 maintained moderate importance across all tissues, sug-
gesting that genetic similarity and demographic factors exert a broad
influence on model predictions. The importance of age varied slightly,
with the highest impact in the brain frontal cortex (0.0801), followed by
the brain cortex (0.0686) and whole blood (0.0673). This suggests that
age-related effects may be more pronounced in brain tissues compared
to blood, which aligns with known age-related transcriptional changes
in the central nervous system.>! Tissue-specific feature importance for
the remaining 12 tissues is shown in Figure S5A-L.

GE feature importance varied significantly between tissues, high-
lighting the context-dependent role of molecular markers. APOC1
(ENSG00000130208.9) was among the most important GE features
in the brain cortex (0.0529) and whole blood (0.0536) but had
lower importance in the brain nucleus accumbens (0.0045) and was
absent from the top features in other brain regions. Similarly, APOE
(ENSG00000130203.9) appeared in multiple tissues but with variable

importance, ranging from 0.0073 in whole blood to 0.0016 in the brain
nucleus accumbens. Brain substantia nigra prioritized a different set
of GE features, with GJA5 (ENSG00000265107.2) (0.0013) ranking
among the top contributors.

4 | DISCUSSION

Our study identified several significant genomic, transcriptomic, and
proteomic associations with AD through multi-omics association stud-
ies. In addition to well-established loci within genes such as APOE,
APOC1, TOMM40, NECTINZ2, and CR1, we also uncovered several puta-
tively novel signals which have been implicated in related biological
processes linked to AD progression. Of the 104 genomic, 319 tran-
scriptomic, and 17 proteomic associations, 122 unique genes and
proteins were identified as statistically significant. Of these, nine
were independently validated in ADVP, providing additional support

for the robustness of our association results. Many of the remaining
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associations were identified as contributors to AD pathology in pub-
lished literature and were statistically significant in the GWAS Catalog.
These findings reinforce known genetic contributors to AD and sug-
gest new avenues for further biological investigation. For instance,
BLOC1S5-TXNDC5 encodes proteins involved in protein folding and the
endoplasmic reticulum stress response. Notably, increased expression
of TXNDC5 has been linked to oxidative stress and neurodegener-
ation in AD.*® RUNX2, while primarily known for its role in bone
development, has also been suggested to have connections to neurode-
generative disease pathways.’2 CBLC functions in the ubiquitination
and degradation of proteins; processes that, when disrupted, are
known contributors to neurodegeneration.>?

From the TWAS, PRDM16 has a known role in cellular differentia-
tion in the developing brain, particularly in the production of mature
neurons and their specific positions in the neocortex.>* While it has
not been directly linked to AD, it is associated with PRDM10, a gene
previously listed in the ADVP.>> MRPL44, which functions in mito-
chondrial protein synthesis, is also associated with MRPL39 (an ADVP
gene).”® Mitochondrial dysfunction is a consistent hallmark of neu-
rodegenerative diseases, including AD.>” PPFIA4 has been linked to
synaptic organization and neuronal signaling, processes known to be
disrupted early in AD.°® CAPN2 encodes a calcium-dependent pro-
tease; dysregulation of calpain activity has been reported in neurode-
generative conditions.”” BTBD11 may be involved in transcriptional
regulation and broader cellular processes via methylation.’®© PALM3
plays a role in the Toll signaling pathway and in negative regulation
of the cytokine-mediated signaling pathway.®! PALM2AKAP2, a para-
log of PALM3, is a known ADVP gene, and a recent preprint identified
associations between PALM3 and neurodegenerative diseases.®? MTG2
contributes to mitochondrial maintenance, reinforcing the broader
role of mitochondrial dysfunction in neurodegenerative disease.”®
SUCO is involved in maintaining cellular structure, which may impact
neuronal integrity.® Other significant genes include RASD1, involved
in neuronal growth and synaptic plasticity, and ZDHHC5, a protein
palmitoylation gene localized in neuronal structures.®*¢> ZDHHC5 is
linked to neurological disorders and is associated with ZDHHC20, an
ADVP gene.0>%6

From the PWAS results, APP (8-amyloid precursor protein) was sig-
nificantly associated with LOAD, consistent with its central role in
B-amyloid plaque formation and disease progression.” Several addi-
tional proteins identified as significant showed functional relevance
despite not being known AD risk genes. For example, PROS1 acts
as a ligand for the TAM family of receptor tyrosine kinases, which
help mediate anti-inflammatory responses and phagocytic clearance
of apoptotic cells and cellular debris, including potentially toxic aggre-
gates like amyloid-8.67 ILIRAP has been linked to increased amyloid
accumulation independently of APOE ¢4 status, suggesting alternative
mechanisms of amyloid pathology.®® ANXA7 is a calcium-dependent
signaling protein in astrocytes; other annexins have been implicated
in neuronal development and AD.®? HADH, highly expressed in AD
brains, binds A8 and contributes to its cytotoxicity.”® SERPINE1,
encoding PAI-1, is associated with AS accumulation and broader neu-

rodegenerative processes.”! ST6GALNACS, functionally related to the

ADVP gene ST6GAL2, has been implicated in glycosylation changes
observed in AD.3272 APOE did not reach Bonferroni-significance in the
TWAS or PWAS; this likely reflects limitations of the available tissue-
specific references as several tissue models did not include the gene,
highlighting a limitation of current single-tissue resources. Concor-
dance across the three association studies was limited; GLCE was the
sole gene implicated across GWAS, TWAS, and PWAS and is known
to be upregulated in AD patients.*? The lack of overlap likely reflects
the differences in reference panels and imputation strategies used
for transcriptomic and proteomic inference, underscoring the largely
orthogonal signals captured by each approach. The association studies
implicate several potential biological mechanisms underlying AD risk
that the gene-set enrichment analysis further highlight.

Pathway enrichment analysis of the genomic, transcriptomic, and
proteomic association results offers complementary insights into AD
biology, with each modality highlighting distinct aspects of disease eti-
ology. The GWAS-based gene set enrichment identified robust associ-
ations with lipid metabolism, particularly plasma lipoprotein assembly,
remodeling, and cholesterol efflux pathways. These findings are con-
sistent with established roles of apolipoproteins, APOE and APOC1, in
modulating amyloid deposition and neuronal integrity through choles-
terol transport and lipid homeostasis.” The TWAS-based enrichment
analysis did not yield statistically significant pathways after correction,
likely due to the relatively large number of tissue-specific genes avail-
able for transcriptomic association testing. Nominal enrichments in
transcriptional regulation and DNA repair pathways suggest that gene
regulation and genome maintenance mechanisms may be enriched
in larger AD datasets. Notably, the PWAS analysis revealed a strong
signal for immune-related pathways, including interleukin signaling
and inflammatory response regulation, implicating immune dysregu-
lation in AD risk.””® This immune enrichment was distinct from the
lipid-related processes emphasized in GWAS, suggesting that the pro-
teomic layer may capture systemic or downstream consequences of
AD-related perturbations.”® The 26 pathways enriched across both
GWAS and PWAS results include pathways related to cholesterol
transport, synaptic potentiation, and vascular dysfunction. Identifying
these pathways across multiple modalities provides stronger evidence
for their biological relevance to AD and suggests that they represent
the most robust signals. These results underscore the value of inte-
grating multi-omics approaches to dissect the complex, multifactorial
nature of AD, and point toward the convergence of lipid metabolism,
transcriptional regulation, and immune signaling in shaping disease
susceptibility.

Building on these molecular insights, our IRMs substantially outper-
formed traditional approaches. Notably, models incorporating imputed
transcriptomic and proteomic expression features consistently outper-
formed baseline regression models of covariates, as well as PGS across
AUROC, AUPRC, and balanced accuracy. The PGS constructed using
scores derived from IGAP, one of the largest GWAS efforts in AD,
demonstrated modest improvements in AUROC relative to polygenic
scores derived from internal ADSP splits. Notably, even this best-case
GWAS-driven approach failed to match the predictive performance of

the IRMs. These findings underscore the limitations of relying solely
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on GWAS-derived polygenic scores, especially across genetically dis-
similar populations. The superior performance of the IRMs highlights
the added value of incorporating transcriptomic and proteomic infor-
mation, which provide tissue- and context-specific biological signals
absent in PGS. The random forest models further outperformed all
linear models, reflecting the utility of non-linear methods in captur-
ing complex, multi-omics relationships. Within the IRMs, PCs emerged
as dominant predictors, likely due to capturing large-scale genetic
similarity and population structure. GE features also contributed sig-
nificantly, particularly in tissues such as whole blood and specific brain
regions. Tissue-specific variability in GE feature importance suggests
that expression regulation in distinct biological contexts meaningfully
influences disease risk.

There are several limitations and opportunities for improvement
in the development of these IRMs. GREx and GRPx reflect pre-
dicted, rather than directly measured molecular phenotypes, based on
individual-level genotype data. This was an intentional design choice
to enable broader applicability across biobanks where transcriptomic
or proteomic profiling may not be available, thereby leveraging scal-
able prediction models trained on external QTL reference panels to
predict heritable risk of developing AD. They may be sensitive to impu-
tation error, especially across different genetic similarity groups, as
prediction accuracy is highly dependent on the ancestral composition
and size of the reference panels. In the future, this framework can be
employed to integrate and assess sequenced multi-omics data rather
than relying on imputed information, as datasets become more read-
ily available. Additionally, the tissue-specific nature of GE limits the
completeness of prediction models, as not all relevant tissues (e.g.,
microglia or hippocampal subregions) were captured in the available
resources. Moreover, the pQTL reference panel is limited to blood,
likely contributing to the observed inflammatory pathway associa-
tions in PWAS. While systemic inflammation in blood has been linked
to AD and may capture peripheral immune activation, neuroinflam-
mation from glial cells represents a distinct contributor through AjB
plaque formation, that is not captured in blood-based panels.”* The
extent to which peripheral markers reflect brain-specificimmune activ-
ity remains unclear, underscoring a limitation and a need to integrate
brain-derived proteomic and transcriptomic resources to better assess
neuroinflammation in AD risk.

Another limitation is the lack of direct biological validation and
independent replication of significant TWAS and PWAS associations.
While additional computational replication would be valuable before
resource-intensive experimental work, suitable datasets presently
remain limited, as the ADSP is currently the most comprehensive AD
genetic resource and comparable large-scale cohorts with equivalent
phenotyping are not yet available. As comparable resources become
available, future studies to validate these associations computationally
and biologically should be performed. Environmental factors and cellu-
lar heterogeneity, which are not reflected in static genomic data, also
introduce sources of unexplained variance. Future iterations of these
models can account for additional contextual regulation by incorporat-
ing additional relevant tissues and integrating longitudinal multi-omics

data to better model dynamic biological processes and tissue-specific
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effects. Moreover, although our models are adjusted for PCs, pop-
ulation stratification remains a potential confounder in genetic risk
prediction, and future work should prioritize increasing sample size
across populations.

This study demonstrates the clinical and biological value of inte-
grating genetically regulated gene and protein expression with genetic
variants for AD risk prediction. Our IRM framework advances beyond
traditional PGS approaches by incorporating biologically meaning-
ful, tissue-specific regulatory information. The improved predictive
performance, particularly with non-linear modeling, underscores the
potential of multi-omics integration to enhance precision medicine
strategies. Importantly, the generalizability of our framework offers a
scalable pathway for expanding this approach to other complex traits
and diseases, ultimately supporting the development of individualized

risk prediction tools for clinical decision support.
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